Mining natural variations is a major approach to identify new options to improve crop 18 light use efficiency. So far, successes in identifying photosynthetic parameters 19 positively related to crop biomass accumulation through this approach are scarce 20 possibly due to the earlier emphasis on properties related to leaf instead of canopy 21 photosynthetic efficiency. This study aims to uncover rice natural variations to 22 identify leaf physiological parameters that are highly correlated with biomass 23 accumulation, a surrogate of canopy photosynthesis. To do this, we systematically 24 investigated 14 photosynthetic parameters (PTs) and 4 morphological traits (MTs) in 25 X.Z. conceived the experiment; M.Q., G.Z. and S.H. performed the experiments; M.Q., G.Z., S.H., H, J.E., Q.S., H.W., C.C., X.S. analyzed the data, M.Q and X.Z. wrote the paper. 2 a rice population, which consists of 204 USDA-curated minicore accessions collected 26 globally and 11 elite Chinese rice cultivars in both Beijing (BJ) and Shanghai (SH). 27
To identify key components responsible for variance of biomass accumulation, we 28 applied a stepwise feature selection approach based on linear regression models. 29
Though there are large variations in photosynthetic parameters measured in different 30 environments, we observed that photosynthetic rate under low light (A low ) was highly 31 related to biomass accumulation and also exhibited high genomic inheritability in 32 both environments, suggesting its great potential to be used as a target for the future 33 rice breeding programs. Large variations in A low among modern rice cultivars further 34 suggest great potential of using this parameter in contemporary rice breeding for 35 improvement of biomass and hence yield potential. 36
Besides using a systems approach, another potentially rewarding approach to identify 86 parameters related to biomass production is through mining natural variations (Flood 87 et al., 2011; Lawson et al., 2012) . The systems approach, to certain degree, increases 88 the potential range of physiological parameters that can be explored than observed in 89 existing cultivars. However, the success of this approach relies on availability of 90 highly sophisticated and accurate systems models for the process under study. The 91 advantage of mining natural variation is that we can collect biomass data and many 92 physiological parameters for a large number of germplasms simultaneously, which 93 facilitates the identification of parameters before availability of highly mechanistic 94 models for the involved processes. 95
96
So far, however, large scale systematic studies of natural variations of photosynthetic 97 parameters in major crops are scarce. Driever et al., (2014) reported natural variations 98 of photosynthetic parameters in 64 elite wheat cultivars and found that though there 99 are significant variation in photosynthetic capacity, biomass and yield, no correlation 100 exists between grain yield and photosynthetic capacity. They suggested that during 101 the breeding process, some traits might have been unintentionally selected out and 102 hence photosynthetic efficiency should be a major target to utilize during the future 103 wheat breeding (Driever et al., 2014; Carmo-Silva et al., 2017) . Similar experiments 104 have been conducted in rice which reached similar conclusions, i.e. leaf 105 photosynthetic rate measured under saturating light levels do not show positive 106 correlation with biomass accumulation (Jahn et al., 2011) . On the first sight, this is 107 rather contradictory to current theory of photosynthesis. However, if we consider the 108 canopy that the overall crop light use efficiency, where biomass accumulation can be 109 used as a surrogate, is determined by the total canopy photosynthesis, instead of leaf 110 photosynthesis. Indeed, our earlier modeling work showed that light-limited 111 photosynthesis can contribute up to 70% of the total canopy photosynthetic CO 2 112 uptake rates, even at a moderate leaf area index of 4.8 (Song et al., 2013) . The 113 proportion of light-limited photosynthesis will be even high under either high leaf 114 area index or under future elevated CO 2 conditions (Zhu et al., 2012; Song et al., 115 2013) . Large scale surveys of rice grain yield, harvest index and biomass 116 accumulation for rice cultivars released since 1966 have shown clearly that the grain 117 yield of cultivars released after 1980 were highly correlated to biomass accumulation, 118 suggesting improved canopy photosynthesis during the recent rice breeding (Peng et 119 al., 2001; Hubbart et al., 2007) . The potential factors contributing to the canopy 120 photosynthesis in rice remain unknown. 121
122
In this study, we aim to identity leaf photosynthetic parameters that are highly 123 correlated biomass accumulation, a surrogate of canopy photosynthesis. To do this, 124
we surveyed a large number of leaf photosynthetic parameters and crop architectural 125 parameters at two different locations in China, i.e. Shanghai and Beijing. In this study, 126
to enable comprehensive survey of parameters relevant to canopy photosynthesis, we 127 measured photosynthetic parameters not only under high light but also under limiting 128 light conditions, with the intension to examine whether photosynthetic rates under 129 low light are positively correlated with biomass accumulation. Finally, to minimize 130 the potential complexity of source sink interaction during the grain filling stage, we 131 used biomass accumulation before flowering to avoid the complexity of source sink 132 interaction (Chang et al., 2017 Table S1 ; 191 Fig. S2; Fig. S3 ). As shown in Fig. 1 impacts on most of the PTs (Fig 3) , as shown earlier by the strong environment effect 201 on these parameters (Table 2) . Certain photosynthetic parameters, including A, g s , 202
A low and SPAD, showed high correlation index (R 2 ) between both BJ and SH sites 203 (Fig. 3) . To identify the key parameters that dominate biomass variation under BJ/SH 207 environmental conditions, we employed a linear regression model (LRM) with a 208 stepwise optimization method based on the Akaike information criterion (AIC).We 209 first evaluated the prediction accuracy of the derived LRMs under BJ, SH and 210 combined datasets (Fig. 4) . Our approach used a training dataset consisting of 90% of 211 the original data and a test dataset of the remaining 10% of the data (see Materials and 212 Methods for details). As shown in Fig. 4 , the models predicted the values of biomass 213 under BJ, SH and combined environments (P < 0.001) with R 2 between the predicted 214 and measured biomass ranging from 0.32 to 0.76 in training dataset (Fig. 4 , A, C and 215 E). Furthermore, the model predicted the test dataset with R 2 ranging from 0.37 to 216 0.72 across the three models (Fig. 4 , B, D and F). These results suggest that the 217 derived LRMs can predict the biomass accumulation with a high level of confidence. 218
219
The PTs identified in these three LRMs were used for further analysis. The PTs 220 were identified in both SH and combined datasets (Fig. 5 ). Based on these obtained 238 LRMs, the PTs expected to be increased to improve biomass accumulation are g s , A low , 239 W low and SPAD, while those need to be decreased are WUE, L s , and Ls low (Table S3) . 240
241

Ranking of Elite Cultivars within minicore Collection 242
To further evaluate the scope to manipulate A low for improved biomass production, we 243 examined the distribution of A low among the minicore panel and the distribution of A low 244 in 11 current elite rice lines (Fig. 6 ). Under the BJ environment, A low exhibits a normal 245 distribution in the minicore population ( Fig. 6A ) and also there is a huge variation of 246 A low among the 11 elite rice lines ( can be used to identify new targets to breed or engineer higher photosynthetic 256 efficiency (Flood et al., 2011; Driever et al., 2014) . Comparing the relatively 257 long-term perspective of engineering photosynthesis for greater yield (Long et al., 258 2015) , mining natural variations of photosynthesis using natural population can lead to 259 reasonably short-term (<5 years) crop improvements (Parry et al., 2011) . In this study, 260
we explored natural variations in photosynthetic parameters in rice that might are 261 related to biomass accumulation, a surrogate of canopy photosynthesis. Using linear 262 regression models (LRMs) constructed under different environments, we identified 263 photosynthetic rates under low light (A low ) as a major photosynthetic parameter with 264 high correlation with biomass accumulation under two drastically different 265 environments. Here we briefly discuss the major findings of this study and their 266 implications for rice breeding. 267 268
Natural variations and heritability of all photosynthetic parameters 269
Since 1960s, researchers started working on improving photosynthesis through 270 introgression, e.g. in soybean (Ojima, 1974) . However, the progress was rather limited 271 because on one hand it remained unclear what photosynthetic traits (PTs) should be the 272 targets, and on the other hand, there were no effective molecular marks related to PTs 273 defined well enough to be used in breeding programs (Flood et al., 2011) . The aim of 274 this study is to identify highly heritable PTs relevant to biomass production under 275 different environments. Since screening PTs is labor-intensive and time-consuming, 276 instead of using the global rice core collection of 1794 accessions, we used a minicore 277 diversity panel consisting of 204 global rice accessions, which is sufficiently diverse to 278 effectively represent the original core collection (Agrama et al., 2009) and also is 279 manageable especially for detailed photosynthesis phenotyping. 280
281
As expected, our data suggest that there are substantial variations among 282 photosynthetic parameters under BJ/SH environmental conditions (Table 1) , 283
suggesting there is genetic diversity in PTs in rice that can be potentially exploited. 284
Furthermore, our heritability analysis shows that h 2 SNP in many PTs, including SPAD, 285 stomatal limitation (L s ) and WUE under BJ/SH environmental conditions, were 286 around 0.6~0.7, which are closed to some earlier reports (Schuster et al., 1992; 287 McKown et al., 2014; Geber and Dawson, 1997;  (Yang et al., 2011) . The observed high levels of heterogeneity and relatively high 293 h 2 SNP for many PTs suggest that these traits can be used as potential candidates in 294 marker assisted breeding for rice (Ackerly et al., 2000) . 295 296 A low is a photosynthetic trait which is highly correlated with biomass accumulation 297 under different environments 298
In this study, a stepwise feature selection approach was applied to the data collected 299 under either BJ or SH environments. With this method, we identified two PTs, i.e., g s 300 and A low , in both the BJ and its combined datasets (Fig. 5 ). Both g s and A low exhibited 301 high correlation with biomass ( Fig. 2; Fig. S2; Fig. S3 ). The values of both 302 parameters show strong correlation between BJ and SH environments (Fig. 3) . g s 303
showed a high h 2 SNP and substantial natural variation among rice cultivars under 304 BJ/SH environmental conditions (Table 1 , 2), suggesting that g s is a good parameter to 305 be used in rice breeding. In fact, g s screening based on thermal imaging (Takai et al., 306 2010b) has already been used in some breeding programs, e.g. the wheat yield potential 307 breeding in the physiology breeding program of CYMMIT (Rajaram et al., 1994) . It is 308 worth noting that, in addition to g s itself being potentially important parameter for 309 breeding, faster response of g s to fluctuating light can be an adaptive trait for rice 310 under severe drought conditions . 311 312 Remarkably, the A low instead of A under normal light was identified to be a 313 photosynthetic parameter highly correlated with biomass accumulation under BJ, SH 314 and combined datasets ( Fig. 5; Table S3 ). A low is also under strong genetic control, as 315
shown by its high h 2 SNP (Table 1) . Therefore A low is a promising target for future rice 316 breeding improvements. This finding is remarkable since although it has been long 317 recognized that canopy-, instead of leaf-, photosynthesis is a major determinant of 318 biomass accumulation, so far, direct experimental evidence supporting the importance 319 of photosynthetic efficiency under low light is lacking. The strong correlation between 320 A low and biomass accumulation reported here strongly support the notation that 321 photosynthetic CO 2 uptake of the lower layer leaves, which usually experiences low 322 light levels, contribute substantially to the overall canopy photosynthesis and hence 323 biomass production. This finding increases the repertoire of parameters known so far 324 that can potentially improve canopy photosynthesis, which includes faster speed of 325 recovery from photoprotective status , rapid recovery of stomata 326 conductance under fluctuating light (Lawson and Blatt, 2014; Qu et al., 2016) , and 327
Rubisco with optimized kinetic properties . Large scale genetic 328 screening of these different parameters and gene identification in this global minicore 329 are underway in our laboratory. 330
331
Potential value of the identified traits in current rice breeding 332
Natural distribution of A low across the minicore panel yielded a normal distribution 333 ( Fig. 6 B) ; furthermore, there are substantial variation of A low in the modern elite rice 334 cultivars (Table 3 ; Fig. 6 and their admixtures (9.6%) (Agrama et al., 2010; Li et al., 2010) . The population 360 accounts for 12.1% of the global rice core accessions and displayed 100% coverage in 361 genetic variation (Agrama et al., 2010) . In current study, we used 204 out of 217 362 accessions in the minicore population since the remaining 13 accessions have 363 extremely long growing seasons. In addition, we used 11 Chinese elite rice cultivars 364 (WCC1, WCC2, DHX-Z, HE19, KY131, XS134, ZH11, MH63, KALS, 9311, WY-4) 365 (Hamdani et al., 2015) . 366
367
Measurements of leaf gas exchange 368
The 204 were around 24.8 ± 3.1 and 25.5 ± 4.4 o C, respectively. Experiments were conducted 374 in pots and detailed experimental procedures were described in Hamdani et al., (2015) . 375
Briefly, plants were sowed in 12L pots filled with commercial peat soil (Pindstrup 376 Substrate no. 4, Pindstrup Horticulture Ltd, Shanghai, China). For each accession, six 377 plants were planted in two pots with three plants per pot. Two pots for the same 378 accession were arranged close together to ensure formation of canopy. Pots from 379 different accessions were separated to avoid shading from a different accession. 380
During the growth period, plants were exposed to natural sunlight and were irrigated 381 daily. Fertilizers were applied twice per month. Experiments of leaf gas exchange 382 were conducted at 60 days after emergence (DAE). For each accession, we used four 383 replicates during the measurements of gas exchange related parameters. All the 384 photosynthesis measurements were finished within 10 days. To minimize the potential 385 errors introduced by potential growth stage differences, we measured photosynthetic 386 parameters from accession 1 through 215 sequentially for the first and third replicates, 387 and then from accession 215 to 1 sequentially for the second and fourth replicates. 388
Plants were acclimated in a controlled room with a temperature around 27 o C and the 389 PPFD around 600 mol m -2 s -1 for at least 60 minutes before gas exchange 390 measurements. During the measurements, two levels of photosynthetic photon flux 391 density, i.e. 1200 μmol mol -1 s -1 (normal light) and 100 μmol mol -1 s -1 (low light), 392 were used. Four portable infrared gas exchange system (Li-6400XT, Li-COR Inc., 393
Lincoln, NE, USA) were used simultaneously. An automatic program was applied to 394 measure gas exchange traits under two light levels, traits under normal light include 395 photosynthetic rates (A), stomatal conductance (g s ), internal CO 2 (C i ), water use 396 efficiency (WUE) and stomatal limitation (L s ); traits under low light include A low , 397
Gs low , Ci low , W low and Ls low (see abbreviation section for more details). The process of 398 such program is as following: leaf was first maintained under a PPFD of 1200 mol 399 m -2 s -1 for at least 5 minutes or until g s reached a steady state, then PPFD was changed 400 to 100 mol m -2 s -1 for 25 minutes allowing g s to approach steady state as described 401 from Qu et al., (2016) . During the measurements, the leaf temperature was maintained 402 at 25 o C and relative humidity was maintained at ~ 75%, the reference CO 2 403 concentration was set as 400 μmol mol -1 and we used the top fully expanded leaves 404 for this measurements. Data were automatically recorded and the average values 405 within the last 1 minute before light switch were used for data analyzing. 406
407
Measurements of dark respiration and maximal quantum yield 408 409
Experiments for dark respiration were conducted at 60 DAE. Respiration rates were 410 determined as net rates of CO 2 efflux in darkness during night after 8:00 pm according 411 to Bunce (2007) . Leaf temperatures were set to 25 o C, reference CO 2 concentration was 412 set to be 400 μmol mol -1 , and light level was set to be 0 μmol mol -1 s -1 . 413 414
Multi-Function Plant Efficiency Analyzer (M-PEA) chlorophyll fluorometer 415
(Hansatech, Kings Lynn, Norfolk, UK) was used to measure F v /F m , the maximal 416 quantum yield of photosystem II, following Hamdani et al., (2015) . F m represents the 417 maximum chlorophyll fluorescence, F o is the minimum chlorophyll fluorescence and 418 (Oxborough and Baker, 1997; Huang et al., 2016; Essemine et al., 2017) . 419
420
Measurements of SPAD and leaf thickness 421
Experiments for SPAD and leaf thickness were conducted at 60 DAE. To estimate leaf 422 total chlorophyll content and leaf thickness, SPAD 502 Plus Chlorophyll meter 423 (Spectrum Technologies, Inc.) (Takai et al., 2010a) 
and Micrometer screw (Mitutoyo 424
Co.) were used, respectively. For each leaf, the chlorophyll content was estimated as 425 the mean of 5 chlorophyll content measurements at different positions in the middle 426 section of the leaf. Four replicates from four different plants were determined for both 427 leaf chlorophyll concentration and leaf thickness. 428
429
Measurements of plant morphological traits 430
The above-ground biomass accumulation (biomass), plant height (PltHt), and tiller 431 number (Tiller) were determined at 60 DAE according to Qu et al., (2016 Where y is a vector representing biomass values of each rice accession, x is a vector of 442 independent variables, β is weighted coefficients corresponding to x, and ε is an error 443 vector. The model was constructed with a stepwise manner, which can identify highly 444 relevant parameters and remove low relevant parameters based on the Akaike 445 information criterion (AIC) according to Jin et al., (2014) . In practice, a training 446 dataset including 90% items of the whole dataset was randomly extracted from the 447 original dataset and the remaining 10% data were used as a test dataset (Kawamura et 448 al., 2010; Iwasaki et al., 2013) . The training dataset was first defined to build the 449 regression model, and then an independent validation was conducted on the test 450 dataset to check performance of the model. 451
452
Estimation of SNP-based heritability 453
The GCTA software (Version 1.25.2) (Yang et al., 2011) was employed to estimate 454 SNP-based heritability (h 2 SNP ) of 23 functional traits using 2.3M filtered SNPs of the 455 minicore population . GCTA implements the method in two steps, 
Data analysis 465
In order to quantitatively evaluate the genetic variation of biological traits in the 466 combined population, percentage genetic variation (PGV) was calculated as 467
[(X max -X min ) /X×100 (%), where X max , X min andX stands for maximum, minimum and 468 mean value in the population, respectively (Gu et al., 2014) . The Pearson correlation 469 coefficient was calculated using R package (Corrplot) (3.2.1 version). The enclosed numbers represent: 
